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HNEDTI: Prediction of drug-target interaction
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Abstract—Identifying drug-target interactions (DTIs) is an
important task in drug discovery. Various computational models
have been proposed to predict potential association between
drugs and targets. However, it is still a great challenge to
accurately predict the potential drug-target interactions with
rare known drug-target interactions. In this work, we propose
a heterogeneous network embedding model to predict drug-
target interactions, called HNEDTI. Based on the assumption that
similar drugs share similar patterns of relationships with target
proteins, we integrate the drug-drug similarity network, target-
target similarity network and known drug-target interactions
into a heterogeneous network. HNEDTI can learn more accurate
feature representation of drugs and targets by extract both
local and global information of the heterogeneous network from
different lengths of meta-paths. The low dimensional feature
representation vectors of drugs and targets are applied to random
forest model to predict whether the given drug-target pair has an
interaction. The evaluation on four benchmark datasets (Enzyme,
Ion Channel, GPCR and Nuclear Receptor) shows that our
method HNEDTI outperforms the previous methods.

Index Terms—drug-target interaction, network embedding,
machine learning

I. INTRODUCTION

Drug discovery is the main objective of pharmaceutical

science. Over the past decades, drug discovery technology has

developed rapidly, and various methods including genomics,

proteomics, and systems biology have been widely used in the

identification of drug-target interactions and the development

of novel drugs [1]–[3]. However, the development of a new

drug is still costly and inefficient. Each new molecular entity

(NME) will cost $ 1.8 billion for average, and takes a long

period to put into use [4]. Furthermore, the rate of successful

drug development has decreased in recent years. According

to the US Food and Drug Administrations (FDA) statistical

data, only about 20 drugs have been approved by FDA as

NMEs each year [5]. In the process of drug discovery, one

of the key steps is to identify interactions between drugs and

targets. Because drug-target interactions can facilitate choosing

a specific compound for a particular protein in the target-based

drug discovery [6]. Thus, it is of great signification to identify

the potential drug-target interactions for existing or abandoned

drugs.

Recently, various network-based computational methods

have been proposed to predict the underlying drug-target as-

sociations by integrating some heterogeneous networks about

drugs and targets. Yang et al. developed a computational algo-

rithm for finding potential drug targets and multiple target opti-

mal intervention (MTOI) solutions by systematically analyzing

the disease states and the desired states in the disease network

[7]. Based on the assumption that similar drugs often interact

with similar targets, Chen et al. proposed a Random Walk

with Restart based method on the Heterogeneous network

(NRWRH) to infer potential DTIs on a large scale [8]. Cheng

et al. developed three supervised inference methods to predict

DTIs, namely drug-based similarity inference (DBSI), target-

based similarity inference (TBSI) and network-based inference

(NBI) [9]. Campillos et al. developed a measure for side-

effect similarity and integrated drug side-effect similarity and

chemical similarity to infer whether two drugs share a target

[10].

The above computational methods, especially network-

based methods, have been proved to be effective in the

prediction of drug-target interactions. However, most network-

based methods are pure local model and cannot discover

global network information. While the global network in-

formation is more helpful for the prediction of drug and

target candidates without known interactions. To address the

limitation, we propose a heterogeneous network embedding

framework, called HNEDTI, to predict drug-target association.

We integrate the drug-drug similarity network, target-target

similarity network and known drug-target interactions into

a heterogeneous network. The random walk technique is

applied to extract various meta-paths and sample training data.

In the representation learning section, we design a neural

network model to capture the rich relationship embedded in

the drug-target heterogeneous network and learn a latent low

dimensional space to represent these drugs and targets. Finally,

the low dimensional representation of drugs and targets are

used to feed into a random forest model to infer potential

DTIs.

Compared to traditional network-based methods, HNEDTI

can learn both local and global information of the heteroge-

neous network from different lengths meta-paths. Short meta-

paths contain the local information of the network, while long



212

meta-paths contain the global information of the network.

Most traditional network-based methods only use the local

network information to infer potential DTIs. However, the

advantage of the global network information over the local

network information which has been demonstrated in much

previous research [11], [12]. Compared to traditional machine

learning-based methods, our method can learn a more ac-

curate representation of drug and target. The evaluation on

four benchmark datasets (Enzyme, Ion Channel, GPCR and

Nuclear Receptor) demonstrate that our method outperforms

other methods. Hence, we can conclude that HNEDTI can be

successfully applied to predict potential DTIs.

II. METHODS

A. Problem Definition

The purpose of drug-target interaction prediction is to

predict the score of unknown relationship in the interaction

matrix by using known drug-target interactions and similarity

information. Given the set of drugs as D = {d1, · · · , dm}
and the set of targets as T = {t1, · · · , tn}, where the m
and n are the number of drugs and targets respectively. We

use R ∈ Rm×n to denote the drug-target interactions matrix.

R is a binary matrix with entries ri,j = 1 denoting that

a drug di has been experimentally verified to interact with

a target tj , ri,j = 0 otherwise, according to the known

drug-target interaction information. The drug-drug similarity

matrix SD ∈ Rm×m contains the similarity between different

drugs, for each element SD
i,j represents the similarity between

drugs di and dj . Similarly, the target-target similarity matrix

ST ∈ Rn×n contains the similarity between different targets.

B. Construction Of Drug-target Heterogeneous Network

Our DTIs prediction model is based on the assumption

that similar drugs often interact with similar targets. Thus,

we integrate the drug-target interaction matrix R, drug-drug

similarity matrix SD and target-target similarity matrix ST to

construct a drug-target heterogeneous network. We set two

similarity threshold parameter α and β for drug similarity

matrix and target similarity matrix respectively to filter the

edges with low similarity. Finally, combine the known drug-

target interactions, drug-drug edge and target-target edge with

higher similarity into drug-target heterogeneous network. Let

G = {V,E} denote the heterogeneous network, V is the nodes

set including drug nodes and target nodes, and E is the edge

set including drug-drug, drug-target, target-drug, and target-

target.

C. Heterogeneous Network Embedding Model

Recently, network embedding methods have been success-

fully applied in various fields [13]–[15]. The drug-target het-

erogeneous network contains both intra- and inter-information

of drugs and targets. To learn the feature representation of

drugs and targets, we design a specific heterogeneous network

embedding (HNE) framework. It captures embedded informa-

tion in the network structure by exploiting different types of

information among nodes and can learn representations of

nodes from both local and global aspects, and can be used

as input to supervised machine learning algorithms. The HNE

model consists of two phases: (1) Random walks and training

data preparation; and (2) Representation learning.

1) Random Walks And Training Data Preparation: To

sample the relationship between all the nodes in the hetero-

geneous network G = {V,E}, random walk is employed

to generate walk sequences. Formally, given the number of

walks k and walk length l, we simulate a walk sequence

S = {s1, s2, · · · , sl−1, sl} of fixed length l, si represent the

i-th node in the walk sequence. The next node si+1 generated

by the following normalized probability distribution:

P (si+1 = v|si = u) =

{
Wu,v

Z , if(u, v) ∈ E
0, otherwise

(1)

where E is the edge set of heterogeneous network, wu,v is

the weight of edge (u, v), and Z is the normalizing constant

which is the sum of the weights of the all edges connected

node u. The random walk starts from each node in the node

sets V , and repeats walking k times in order to obtain a stable

distribution. In the process of the random walk, we do not

need to consider the node types and specify the meta-path.

In the training data preparation phase, we extract the training

data from the |V |×k walk sequences generated by the random

walk technique. We use D denotes the type of drug and T
denotes the type of target, and call the sequence of node

type meta-path. Let M denotes the set of all meta-paths, |M |
denotes the number of meta-paths. To train the HNE model,

training data need to be prepared a triple (x1, x2,M
′
) for |M |

prediction tasks corresponding to M . x1 and x2 represent two

input nodes encoded with one-hot vector, M
′

is a binary array

with entries M
′
i = 1 denoting that node x1 and node x2 have

the corresponding meta-path, otherwise: M
′
i = 0.

Fig. 1. The HNEDTI neural network model.

2) Representation Learning: As mentioned above, the rep-

resentation learning of HNE model is a multiple prediction

task, one for each meta-path. The model is a neural network

with 3 layers feedforward. As shown in Figure 1, the input

layer takes two one-hot vectors −→x1 and −→x2, which represents
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input node x1 and x2 by |V |-dimension vectors. In the hidden

layer, −→x1 and −→x2 are transformed into latent vectors W−→x1

and W−→x2, where W is a |V | × d weight matrix of hidden

layer as well as the vector representation of all node, and

d is the dimensionality of the hidden layer as well as the

dimensionality of the vector representation. The hidden layer

vector h is the Hadamard product of two latent vectors W−→x1

and W−→x2.

h = W−→x1 �W−→x2 (2)

In the output layer, the model outputs a probability vector

ỹ of length |M | as follows:

ỹ =
[
P (r = M1|x1, x2), · · · , P (r = M|M ||x1, x2)

]
(3)

Each item of ỹ represents the SoftMax probability that the

input nodes x1 and x2 contain corresponding meta-path. The

SoftMax probability is defined as follows:

P (r = Mi|x1, x2) =
exp((W

′
h)i)

|M |∑
j=1

exp((W ′h)j)

(4)

where W
′

is a |M | × d matrix. Cross entropy is the loss

function of the model. The objective of optimization is to

minimize the loss function. Loss function can be defined as

follows:

L(y, ỹ) = −
|M |∑
i=1

yilogỹi (5)

D. Drug-target Interaction Prediction

In the representation learning phase, all the nodes in the

heterogeneous network including drugs and targets are em-

bedded into an embedding matrix W , which is a |V | × d
matrix, where |V | is the number of nodes and d is the

dimension of vector representation. In association prediction

section, we use the embedded vector of drugs and targets to

predict the association between them. Given a drug di and

a target tj , let Wdi
and Wtj denote their embedded vector,

(Wdi
)
′

and (Wtj )
′

are two normalized vectors of Wdi
and

Wtj , respectively. The vector representation of drug di and

target tj pair Pi,j = (Wdi
)
′ � (Wtj )

′
, which is the Hadamard

product of (Wdi)
′

and (Wtj )
′
.

The random forest model is employed to build a binary

classifier for DTI prediction. The input of the model is the

vector representation of the drug-target pair, the corresponding

association is the sample label. Finally, the model output a

probability value indicates the possibility of the interaction

corresponding to this drug target pair.

III. EVALUATION AND RESULTS

A. Datasets

In this study, we use four benchmark drug-target interaction

network in human including Enzyme (E), Ion Channel (IC),

G-Protein Coupled Receptors (GPCR) and Nuclear Receptor

(NR) [16]. Each of the four datasets contains a drug-target

interaction matrix, a drug-drug similarity matrix and a target-

target similarity matrix. Each entry of the drug-target interac-

tion matrix indicates whether the interaction between the cor-

responding drug and the target is known or not. The interaction

information is obtained from KEGG BRITE [17], BRENDA

[18], SuperTarget [19], and DrugBank [20] databases. Drug-

to-drug similarity scores are calculated by the SIMCOMP

[21] based on chemical structures of compounds. The SIM-

COMP method has been widely applied to calculate chemical

structural similarity, especially the prediction of drug-target

interactions [5], [6], [8], [11]. Target-to-target similarity scores

are calculated by the normalized Smith-Waterman scores [22]

based on amino acid sequences of target proteins from the

KEGG GENES databases.

B. Comparison With Other Competing Methods

We evaluate HNEDTI method on four benchmark datasets:

Enzyme, IC, GPCR and NR and compare it with five com-

peting methods: BLM-NII [23], WNN-GIP [24], NetLapRLS

[25], CMF [26] and BRDTI [27]. The performance of our

method is evaluated via five times repeated 10-fold cross-

validation as well as previous studies. We randomly assign the

known DTIs from datasets to one out of ten splits, for each

fold, a different split is used as a test set of the predictive

model, while the remaining splits are used to construct the

drug-target heterogeneous network and as the training set of

predictive model. Then, we run five times repeated predictive

model to obtain the final results. We adopt Area Under the

Curve (AUC) as an evaluation metric.

Fig. 2. The AUC scores of HNEDTI and other compared methods on four
gold standard DTI datasets.

Figure 2 shows the AUC of HNEDTI compared with other

methods on four gold standard datasets. HNEDTI method

achieves the best result on Enzyme, Ion Channel and GPCR

datasets and second-best on Nuclear Receptors dataset. The

Nuclear Receptors dataset is too small with only 54 drugs, 26

targets and 90 known interactions, the training samples are not

sufficient for HNEDTI to learn more accurate representation.

So, we can conclude that HNEDTI significantly outperforms

other methods and can be effectively applied to infer drug-

target interactions.
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IV. DISCUSSIONS AND CONCLUSIONS

Prediction of drug-target interactions plays an important role

in drug repositioning and biological processes. The relation-

ships between drugs and targets provide lots of information

to identify new candidate associations. In this study, we pro-

posed a heterogeneous network embedding model HNEDTI.

Compared to the traditional network-based methods, HNEDTI

can capture local and global information of the heterogeneous

network, and is more powerful to learn the representation of

drugs and targets.

To evaluate the performance of our model, we carry out

experiments on four benchmark datasets (Enzyme, Ion Chan-

nel, GPCR and Nuclear Receptor). The result of AUC score

via five times repeated 10-fold cross-validation outperforms

other methods including BLM-NII, WNN-GIP, NetLapRLS,

CMF, and BRDTI. The AUC scores of HNEDTI are 0.989,

0.990, 0.965 and 0.913 on Enzyme, Ion Channel, GPCR and

Nuclear Receptor, respectively. Thus, we can conclude that

HNEDTI can be successfully applied to predict potential drug-

target associations.
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